Focusing on the shortages of moisture estimation and time scale in the self-calibrating Palmer drought severity index (scPDSI), this study proposed a new Palmer variant by introducing the Variable Infiltration Capacity (VIC) model in hydrologic accounting module, and modifying the standardization process to make the index capable for monitoring droughts at short time scales. The performance of the newly generated index was evaluated over the Yellow River Basin (YRB) during 1961-2012. For time scale verification, the standardized precipitation index (SPI), and standardized precipitation evapotranspiration index (SPEI) at a 3-month time scale were employed. Results show that the new Palmer variant is highly correlated with SPI and SPEI, combined with a more stable behavior in drought frequency than original scPDSI. For drought trend detection, this new index is more inclined to reflect comprehensive moisture conditions and reveals a different spatial pattern from SPI and SPEI in winter. Besides, two remote sensing products of soil moisture and vegetation were also employed for comparison. Given their general consistent behaviors in monitoring the spatiotemporal evolution of the 2000 drought, it is suggested that the new Palmer variant is a good indicator for monitoring soil moisture variation and the dynamics of vegetation growth.
Introduction
Drought is one of the costliest natural hazards which have caused tremendous disruptions to past and modern societies [1] . Drought affects both surface and groundwater resources, which potentially threaten crop production, water quality, waterborne transportation, power generation, economy and social activities [2] . Due to the enhanced pressure from global warming and socioeconomic developments, problems of water shortage have been further aggravated, and drought risks are expected to increase [3] [4] [5] . To prevent and mitigate the potential damage from drought, it is crucial to improve drought monitoring, management and forecasting techniques [2, 6] . The main difficulty of this work lies in how to pinpoint the onset and termination time of a drought accurately, as well as to quantify its characteristics like duration, severity, and affecting area [7] . Drought indices are one of the effective tools which allow timely identification and characterization of emerging drought conditions [8] .
From the perspective of hydrological variables, drought indices generally experienced a development process from incorporating one single variable to bivariate or multiple variables [9] .
For example, in earlier researches, precipitation was mostly employed to indicate the climatic dry conditions, such as the precipitation percentile and deciles [10] . The Palmer drought severity index (PDSI) [11] is one exception during the early period. In its moisture estimation section, the concept of soil water balance model was firstly introduced, which could be recognized as the pioneer of multivariate-based drought indices. However, this scheme was not widely extended due to its coarse delineation of the hydrological process and unsatisfying performance in frozen and snow areas [12, 13] . With increased knowledge of drought, the non-negligible role of other hydrological variables (e.g., evapotranspiration and soil moisture) has been highlighted in recent years. A variety of new indices involving different factors were proposed. For example, some indices incorporated evapotranspiration in their algorithms to reflect the effects of global warming on drought, such as the reconnaissance drought index (RDI) [14] , standardized precipitation evapotranspiration index (SPEI) [15] , and evaporative demand drought index (EDDI) [16] . The composite drought indices such as the aggregate drought index (ADI) [17] and joint drought deficit index (JDI) [18] represent another category of drought indices which integrated multiple hydro-meteorological variables with different statistical models [19] . Moreover, enlightened by PDSI, the introduction of more mature hydrological models within the index also became popular [20, 21] . Generally, a comprehensive consideration of hydrological components is the main development direction of drought indices.
Apart from moisture status estimation, the ability to indicate droughts at different time scales is another important feature of drought indices. The earliest proposal of this concept could be traced back to the standardized precipitation index (SPI) [22] , in which an explicit definition of time scale was presented according to the time period of water deficits are accumulated. This concept was further applied in other standardized drought indices, such as SPEI and standardized runoff index (SRI) [23] . The PDSI represents another drought index category without a specific illustration of time scale in their algorithms [24] . This shortage largely limits its application, since drought in nature is a multi-scalar phenomenon, and a versatile drought index ideally should be capable of reflecting drought conditions at different time scales [25] . A recent literature [26] solved this problem which extended the time scale of the self-calibrating PDSI (scPDSI; a revised version of PDSI which improves the spatiotemporal comparability of the index [27] ) into a wide range.
Focusing on above mentioned two aspects, this study aimed at constructing a new variant of the palmer index by (i) replacing the original moisture estimation module with more mature hydrological model, and (ii) modifying the standardization procedure of scPDSI and analyzing its capability in monitoring drought conditions at short time scales (including seasonal drought trend, vegetation condition and soil moisture anomalies). This paper is organized as follows. Section 2 describes the study area and datasets used in this study. An introduction of hydrological model and modifications on the scPDSI is provided in Section 3. Section 4 discusses the performances of the new drought index in term of time scale, drought trend and drought events monitoring. Conclusions are given in Section 5.
Study Area and Data

Study Area
The Yellow River Basin (YRB) is located between 32 • N-42 • N and 96 • E-119 • E (Figure 1 ), controlling a drainage area of 795,000 km 2 . From northwest to southeast, the elevation presents a gradually decreased pattern and ranges between 1 and 6199 m above the sea level. The Tibet Plateau, Loess Plateau and Huang-Huai-Hai Plain are three primary geomorphic types of this basin [28] . Climatically, the mean annual temperature varies between 4 and 14 • C. Precipitation is unevenly distributed over YRB which divides the whole basin into four climate zones from northwest to southeast, i.e., arid, semi-arid, semi-humid and humid zones. In addition, precipitation and temperature have significant seasonality, where summer is generally rainy and hot while winter is cold and dry. 
Data
The forcing data for running the hydrological model includes hydro-meteorological observations and geographic information. Daily records of precipitation, mean temperature, maximum and minimum temperatures, and wind speed from 101 national meteorological stations in and around YRB ( Figure 1) were downloaded from the China Meteorological Data Service Centre (http://data.cma.cn/). Historical streamflow data of 10 hydrological stations [i.e., Tangnaihai (TNH), Lanzhou (LZ), Toudaoguai (TDG), Wubao (WB), Longmen (LM), Hejin (HJ), Xianyang (XY), Huaxian (HX), Sanmenxia (SMX), and Huayuankou (HYK)] situated at the trunk stream and main tributaries were collected from "China Year Books of Hydrology". Detailed information on the coordinates, elevation, drainage area and areal average precipitation of these hydrological stations is listed in Table 1 . All hydro-meteorological observations have complete daily records from 1961 to 2012. The geographic images were gathered as follows: the 3 arc-second (about 90 m) digital elevation image was retrieved from the shuttle radar topography mission digital elevation model (http://srtm.csi.cgiar.org/); the land cover map was provided by the University of Maryland's 1 km Global Land Cover Production [29] ; and soil data with a 30 arc-second spatial resolution was from the 5-min Food and Agriculture Organization dataset [12] .
To verify the accuracy of model simulated soil moisture, the measured soil moisture dataset of the China Agrometeorological Stations [30] were employed. This dataset provides 10-day relative soil moisture records at five (i.e., 10-cm, 20-cm, 50-cm, 70-cm, and 100-cm) soil depths. In this study, the data of 50-cm soil layer with relatively complete records (available from September 1991 to December 2008). After quality checkup, 57 sites with relatively complete observations were selected in this study (see Figure 1 for their spatial distributions).
The remote sensing soil moisture data from the Climate Change Initiative (CCI) program, released by the European Space Agency (ESA), was also collected. This product (named ESACCI-SM) combines various active and passive microwave soil moisture products, and is regularly updated. Compared to other remote sensing products, the ESACCI-SM has a rather long period of coverage, making it more suitable to assess the long-term variability and change of surface soil moisture [31] . The soil moisture dataset was available daily from 1978-2015 with a spatial resolution of 0.25 • , and in this study it was employed to reflect soil moisture-based dry conditions. In addition, to investigate the response of improved drought index to vegetation activity, the Global Inventory Modeling and Mapping Studies-Normalized Difference Vegetation Index (GIMMS-NDVI) dataset was introduced. This dataset was available semimonthly from 1982 to 2015 with a resolution of 8 km. To facilitate comparison, values of NDVI were processed into the monthly average values, and spatially they were resampled into 0.25 • resolution. 
Methods
VIC Model Simulation
The physically based macroscale Variable Infiltration Capacity (VIC) model [32] was used for hydrological simulation over YRB. The model considers both water and energy balances within each grid cell, and can represent subgrid variability in terrain characteristics, land surface vegetation classes, and soil features (including soil texture, depths, and moisture storage capacity). In this study, the latest version of VIC which partitions the subsurface into three layers (VIC-3L), was employed. A detailed description of VIC-3L is referred to Liang et al. [33] .
For model implementation, VIC was run at a daily time step and 0.25 • spatial resolution over the whole YRB (the basin was divided into 1500 grids). All site-based meteorological forcings were interpolated into each grid through the inverse distance weighted (IDW) method. Likewise, geographic data including the elevation, soil, and vegetation images were resampled into the 0.25 • spatial resolution. Daily streamflow records of 10 hydrological stations were used to calibrate the model during 1961-1990, while for the validation periods (1991-2012), both streamflow and soil moisture data from observation sites (see Figure 1 for their locations) were employed. The consistency degree between simulated hydrological variables and observed ones was measured through three appraisement coefficients, i.e., the Nash-Sutcliffe coefficient of efficiency (NSCE), BIAS and correlation coefficient (CC).
Modified scPDSI
The scPDSI is an advanced version of PDSI aimed at improving the spatiotemporal comparability of the index. Compared to the original algorithm [11] , Wells et al. [27] introduced a new climate characteristic K 2 which could correct the high frequency of extreme events and realize automatic calibration of the index behaviors at any locations ( Figure 2) . Focusing on the hydrologic accounting module (improvement 1) and standardization process (improvement 2), further modifications on scPDSI were conducted in following sections to address the shortcomings of moisture estimation and time scale. Implementation of the method was based on the source code (compiling in Visual C) of scPDSI, which was downloaded from the National Agricultural Decision Support System (NADSS, available online at http://nadss.unl.edu/). 
Coupling VIC Model for Hydrologic Accounting
The hydrologic accounting of scPDSI involves eight variables, including evapotranspiration (ET), recharge (R), runoff (RO), loss (L), potential evapotranspiration (PET), potential recharge (PR), potential runoff (PRO), and potential loss (PL). In Palmer's scheme [11] , the climatically appropriate for existing conditions (CAFEC) precipitation ( ∼ P) was introduced to represent the amount of precipitation needed to maintain a normal soil moisture level. The moisture deficit d for a specific month is defined as the difference between actual precipitation (P) and ∼ P:
where P i and ∼ P i represent the water supply and demand for the ith (i = 1, 2, . . . , 12) month in a calendar year. α, β, γ, and δ are weighting coefficients defined in the following manner:
where the bar over a variable denotes the average value of ith month. In the original algorithm, these eight variables are estimated from a simplified two-stage bucket model, where the available water holding capacity (AWC) of the soil plays an important role in determining the moisture movement (see Palmer [11] for detail). In this study, the hydrologic accounting was conducted on basis of VIC simulations instead. As shown in Figure 2 , P, ET, RO, and PET can be directly extracted from the outputs of the hydrological model. It should be noted that the PET estimated by VIC is based on the Penman-Monteith equation [34] , in which the air temperature, wind speed, atmospheric and vapor pressure are required as the inputting variables. Other five variables can be estimated through following equations [11, 20] :
where AWC is the same as defined by Palmer [11] , and is taken as the difference between filed capacity and wilting moisture of the whole soil layers; S 0 represents the moisture storage of all soil layers at the beginning of a specific month; Similarly, S s , S m , and S b denote the moisture storage for surface, middle and bottom soil layers, respectively. All above variables are in unit of mm.
Time Scale Modification
The ambiguous description on time scale is an intrinsic problem of the Palmer index family. According to the correlation analysis with SPI, it is generally accepted that PDSI is more inclined to reflect water deficiencies over a prolonged time period [35] . In an implicit manner, the time scale of scPDSI conceals in its standardization process. As shown in Figure 2 , d derived from the hydrologic accounting is firstly corrected by the climatic characteristic K 1 with a new Palmer variant, namely the Z index generated. Then Wells et al. [27] employed ten Z values accumulated at 3, 6, 9, 12, 18, 24, 30, 36, 42 , and 48 months, respectively, to represent the extremely dry condition (the top-right panel of Figure 2 ). A recent literature by Liu et al. [26] found that different selections of cumulative Z values will influence the time scale of the index in a significant way. To make scPDSI capable for detecting droughts of short time scales, in this study, a new sample of cumulative Z values, accumulated at 1-9 months are used instead (the bottom-right panel of Figure 2 ). These 9 points are further fitted by a linear regression equation:
where t is unit of month representing the time length for accumulating Z values. m and b denote the slope and intercept of the best fit line, respectively. X t represents the current PDSI value. C is the value of calibration index (e.g., 4, 3, . . . , 4). Palmer assumed that the change between any two values of X t is constant for a given severity of drought. Based on this hypothesis, equations for computing duration factors p and q can be obtained through a complicated formula derivation process (see Wells et al. [27] for detail):
where p and q directly influence the sensitivity of the index. Larger p and smaller q means the index will be less sensitive to sudden changes in the precipitation. Palmer [11] considered that drought should be an accumulating phenomenon related to the precedent and current moisture status. With duration factors p and q, the current PDSI value X i of ith month is expressed as the weighted sum of the precedent PDSI value X i−1 and the current moisture anomaly Z i :
The following is the same as the original procedure of scPDSI, which involves the secondary correction with the climatic characteristic K 2 , and a backtracking process (the solid arrows in Figure 2 ).
Based on above improvements in hydrologic accounting and time scale modification, a new PDSI variant could be derived. To facilitate description, this new index is denoted as VIC-scPDSI9.
Standardized Drought Indices
The standardized precipitation index (SPI) [22] and standardized evapotranspiration precipitation index (SPEI) [15] are two representatives among the standardized drought index family which are derived from a probability distribution-based normalization procedure. In other words, mathematically SPI and SPEI follow the same algorithm and they share the same drought classification criterion. The difference mainly lies in their input. For SPI, it only considers the variation of precipitation, while for SPEI, both precipitation and potential evapotranspiration are incorporated for measuring water deficit. A fundamental strength of such standardized drought indices is that they can be computed for different time scales related to the time period of water deficiencies are accumulated. Likewise, the VIC simulated PET [34] was employed to calculate SPEI. In this study, both SPI and SPEI were cumulated at a time scale of 3-month and they were used to examine the time scale of VIC-scPDSI9. Figure 3 compares the time series of simulated and observed daily streamflow for five selected hydrological stations situated at the upper (TNH), middle and downstream parts (WB, LM, SMX and HX) of YRB, respectively. It can be seen that both the calibration and validation periods perform very well with rather close streamflow hydrographs between simulated and observed series. With respect to the two appraisement coefficients, values of NSCE vary between 0.65 and 0.94, and the absolute values of BIAS range from 0.3% to 10.8%, suggesting that the model is capable of explaining the majority of variability in the observed data. Figure 4 displays the spatial correlation coefficients between VIC simulated (we use the average values of top two soil layers for comparison) and observed monthly soil moisture of 57 agrometeorological sites during 1991-2008. Generally, there is a good agreement between soil moisture from these two sources with CC values mostly above 0.5. Especially in the middle parts, the CC values could reach up to 0.75. Overall, the calibrated model can replicate the hydrological process of YRB well and provide reliable estimates of hydrological variables within acceptable limits. 
Results and Discussion
Model Performance
Time Scale and Frequency Analysis
To verify the time scale of the newly generated index, the autocorrelation of monthly VIC-scPDSI9, SPI3, SPEI3, and scPDSI series was analyzed. As shown in Figure 5 , the scPDSI inherently in long persistent period exhibits a rather high level of autocorrelation than the other three drought indices. The pattern of VIC-scPDSI9 by contrast, is more similar to those of SPI3 and SPEI3. For example, the autocorrelation coefficients of the three short-scalar drought indices are around 0.6 for the 1-month lag. Then, the coefficients significantly decrease and reach to a rather low value for 5-month (or even longer) lag. Figure 6 further compares the time series of the four drought indices during 1961-2012. It can be seen that the long-scalar scPDSI is less variable from month to month, and its correlation with SPI3 and SPEI3 are 0.43 and 0.49, respectively. As expected, the VIC-scPDSI9 series fluctuates in a more frequent pace, and its correlation with the two standardized indices significantly increases to 0.7. These suggest our improvement successfully changes the long time scale of original index [11, 27] . Figure 7a plots the frequency distributions of two Palmer drought indices for 1500 grids. It is seen that the VIC-scPDSI9 generally inherits the advantage of scPDSI, and behaves similarly in different areas with a rather low variance (indicated by the 75th-90th percentile range of frequency values) in the frequency of different drought categories. Minor difference between two Palmer variants mainly lies in the tails of the distribution curves for severely (3 ≤ |scPDSI| < 4) and extremely (4 ≤ |scPDSI|) dry/wet categories. As shown in Figure 7b , the scPDSI presents an inconsistent behavior for wet and dry conditions. Especially for extreme conditions, the frequencies of wet spells are overall higher than those of dry spells. In contrast, the VIC-scPDSI9 is less variable with a frequency value of 5% for severe wet and dry spells, and 2% for extreme wet and dry spells. From a frequency perspective, the improved version is more stable than original scPDSI. 
Drought Trend and Its Influencing Factors
The Mann-Kendall test [36, 37] was employed to detect the monotonic trend of VIC-scPDSI9, SPI3 and SPEI3 series during 1961-2012 (Figure 8 ). At the annual scale, a similar pattern is found between VIC-scPDSI9 and SPEI3, where both indices reflect a drying condition for the whole basin, combined with a significant (at the 1% significance level) drought tendency in the central part of YRB. For SPI3, except for the source region and northern part where the wetting status is detected, it suggests a moderate increase in dryness for the majority of the region. Patterns of spring and summer are similar to that of annual scale where a more consistent spatial distribution is observed between VIC-scPDSI9 and SPEI3. Meanwhile, the wetting area reflected by SPI3 further enlarges, especially in the northern part. In autumn, VIC-scPDSI9 indicates a significant drying pattern in the central of YRB; however, this signal is not revealed by SPI3 and SPEI3. The case of winter is very different where large differences are found among three drought indices. Overall, VIC-scPDSI9 identifies more severe drying condition than other two indices, particularly in the central of YRB. SPI3 on the contrary, indicates a wetting status over the whole basin.
The different algorithms for estimating moisture deficits are responsible for their disparity. Given this, five crucial hydrological variables, including precipitation (P), soil moisture (SM), runoff (R), actual evapotranspiration (AET), and potential evapotranspiration (PET) were extracted to analyze their each role in drought indices. Figure 9 shows the boxplots of correlation coefficients between three drought indices and five hydrological variables. As expected, the VIC-scPDSI9 formulated from the physical constituents of water balance, shows a good correlation with all five hydrological variables (with average CC values above 0.5). Moreover, compared to the two standardized drought indices, VIC-scPDSI9 presents a better relationship with SM, R, and AET. This implies that the new Palmer variant is more inclined to reflect comprehensive moisture conditions, which could be one reason for the differential behaviors in drought trend. To verify this conjecture, Figure 10 investigates the winter trends of these five variables. It can be seen that both SM and R exhibit a drying tendency in the central zone (Figure 10d,e) , which is generally in accordance with the winter pattern of VIC-scPDSI9. For SPI, precipitation is the only variable considered for depicting moisture status, thus its trend basically reflects the variation of precipitation. As shown in Figure 10a , an overall increasing tendency of precipitation in winter is apparent over whole YRB. With respect to SPEI, it generally shows equivalent correlation with P and PET, and is more inclined to reveal a coupled effect of these two variables (Figures 9 and 10 ). Figure 11 plots the percentage of drought area at mildly to extremely drought conditions indicated by VIC-scPDSI9. It can be seen that in each decade, the YRB may suffer at least one large-scale drought event with more than 80% of YRB affected. For instance, the 1965 drought is one typical basin-wide event, and during this period, more than 90% of the basin area is in moderate drought, 60% in severe drought, and 40% in extreme dry condition. Meanwhile, according to the distribution of accumulation severity we can see that the northern part is more vulnerable to droughts with rather high cumulative values of severity than other regions. Similar spatial distribution is also found for the 1972 drought, but the areal proportion of extreme drought is reduced to 20%. Since the 1990s, the location of drought center gradually moves toward southwest. For the 1997 drought, the southern parts are significantly drier than the northern parts, while in 2002, drought patches in large severity are mostly concentrated in the source region. Besides, the phenomenon of continuous drought events in several consecutive years also occurs during this period, and reaches to the peak (piles of drought patches with absolute accumulative values of severity exceed 100) in 2000. To examine the performance of VIC-scPDSI9 in drought monitoring, a specific investigation on the most severe 2000 drought was conducted. Considering the short-scalar property (approximately 3-month; Figures 5 and 6 ) of the new index, we would like to pay specific attention to its ability in monitoring the soil moisture and vegetation related drought conditions. According to the University of Maryland's 1 km Global Land Cover Production [29] , the YRB is covered by four major vegetation types: the grassland accounts for a large proportion and is mainly distributed in the source region, southern and eastern parts; the northwestern part is characterized by shrub and bare soil; in the southern and middle area, there is a small proportion of woodland; crop is mainly concentrated in the downstream of the basin. Figure 12 displays the anomalies (subtracted the mean from original series then divided by the variance) of ESACCI-SM and NDVI. The positive value of NDVI anomaly indicates a better growth condition of vegetation than the normal, and vice versa. From Figure 12 it can be seen that the VIC-scPDSI9 is capable of capturing the majority of the drought signal of ESACCI-SM anomalies and NDVI anomalies. For example, in April, all three indices reflect dryness in the central of YRB. Especially for the woodland covered areas, a more similar spatial pattern is found between VIC-scPDSI9 and NDVI anomalies. In May, the drought condition is further aggravated combined with a westward tendency. It is seen that both VIC-scPDSI9 and NDVI anomalies exhibit plies of drought patches in the middle region and crop covered downstream areas, meanwhile, the VIC-scPDSI9 and soil anomalies also reveal dryness in source region [38] . In July, the source region becomes the center of 2000 drought, as wells as for NDVI anomalies. Then the drought signal further moves northward in September. Given the general consistent behaviors with the ESACCI-SM and NDVI anomalies, it is suggested that the VIC-scPDSI9 is a good indicator for monitoring soil moisture variation and the dynamics of vegetation growth. 
Performances in Drought Monitoring
Conclusions
Based on the procedure of the self-calibrating PDSI (scPDSI), a new Palmer variant was proposed to address the shortages of coarse moisture estimation and ambiguous time scale. The improvement mainly comprises two parts: In the hydrologic accounting section, we replaced the original simplified soil moisture model with the VIC model to estimate moisture deficit/surplus. In the standardization process, we used a different sample of cumulative Z values (consist of 9 Z values accumulated at 1-9 months respectively) to calculate duration factors, aimed at changing the time scale of the index into short persistent time period. The newly generated Palmer variant is denoted as VIC-scPDSI9, and its performance was assessed over the Yellow River Basin (YRB) during 1961-2012. Two standardized drought indices SPI and SPEI at a 3-month time scale were employed as reference indices to evaluate the behaviors of the new index in aspects of time scale and drought trend. The ESA CCI soil moisture product and NDVI product were used to examine the capacity of VIC-scPDSI9 in monitoring the 2000 drought.
Results show that compared to scPDSI, the series of VIC-scPDSI9 fluctuate more frequently, and an improved relationship (correlation coefficients of 0.7) with SPI and SPEI is observed for the new variant. These confirmed our modification for making VIC-scPDSI9 of short time scales. In the aspect of drought frequency, the VIC-scPDSI9 presents a consistent pattern for wet and dry conditions, and behaves more steadily (especially for severe and extreme conditions) than the original version. We further compared the drought trend of YRB indicated by different drought indices. An overall drying condition of the whole basin, combined with a significant drought tendency in the central of this region, are found both for VIC-scPDSI9 and SPEI at the annual scale, as well as in spring and summer. The case in winter is very different, where the VIC-scPDSI9 identifies more severe drying pattern than SPI and SPEI, especially in the central of YRB. The different methods for estimating water deficits are responsible for their disparities. Since the VIC-scPDSI9 is formulated from physical constituents of water balance, this index is more inclined to reflect comprehensive moisture conditions. For the 2000 drought, the VIC-scPDSI9 can basically capture the variation of the drought signal of ESACCI-SM anomalies and NDVI anomalies, indicating the capacity of the new variant for monitoring soil moisture variation and the dynamics of vegetation growth.
With more sophisticated consideration in hydrologic accounting and the extended property of short time scales, this new Palmer variant is promising to serve as a favorable indicator for drought monitoring and assessment. In this study, the short time scale of the Palmer index was realized by using Z accumulations at 1-9 months in YRB. For other regions with different climate characteristics, one can properly adjust the sample of Z accumulations (e.g., a different combination of cumulative Z values from 1 to 10 months) to modify the time scale of the index. 
